Laser scanning systems make use of Light Detection and Ranging (LiDAR) technology 1 to acquire accurately georeferenced sets of dense 3D point cloud data. The information acquired 2 using these systems produces better knowledge about the terrain objects which are inherently 3D 3 in nature. The LiDAR data acquired from mobile, airborne or terrestrial platforms provides several 4 benefit over conventional sources of data acquisition in terms of accuracy, resolution and attributes.
4 of 21 polygon and combination of them) and provide 3D spatial indexing mechanism that enables fast data 133 retrieval.
134
Several other approaches have been developed for managing the large volume of LiDAR point 135 cloud data. [16] presented a scalable approach to interpolate grid DEM from large LiDAR dataset 136 based on quad-tree segmentation. In their approach, the point cloud data was partitioned into a set of 137 quad-tree segments and then each segment was interpolated using points within the segment and its NSF-funded OpenTopography is one such significant application that provides a web-based access 157 to high resolution LiDAR topography data along with derivative products and online processing 158 tools [23] . Another such application is Dielmo's LiDAR-Online that provides a web-based platform to 159 visualize, access and process LiDAR data [24] .
160
LiDAR has matured to an accurate technology which can be employed for reliable extraction 2D topographic map data with aerial LiDAR data for road extraction has also been reported [27] [28] [29] .
170
However, the road extraction accuracy might be affected from positioning errors inherited in maps 171 and occlusion arising from building and tree shadows in optical imageries. In most recent works, [30] 172 presented road detection approach in which ALS data was filtered to estimate ground points and then 173 road candidates were identified based on local distribution of intensity histogram.
[31] proposed a 174 method to extract road centrelines using ALS data. Their method was based on filtering the ground 175 points and then estimating road points by applying an optimal intensity threshold. The estimated 176 points were finally refined by removing narrow roads and attached areas to extract the network of road 177 centrelines.
[32] detected the roads in forested mountainous areas using ALS data. In their approach, a 178 supervised classification was applied to Digital Terrain Model (DTM) and then a graph was built over 179 candidate regions to locate the roads. Finally, the roads were characterised to estimate their width and 180 slope parameters using an object-based image analysis. Several methods have also been reported for 181 extracting road edges, in particular, from MLS data. These works are particularly focused on extracting kerb edges in an urban environment, where there is a sufficient height or slope difference in between 183 the road and kerb points [33] [34] [35] [36] [37] . In rural conditions, the road comprises of grass-soil surface, in which 184 case the edges are not as easily defined by slope or elevation changes alone. The approaches developed 185 for extracting rural road edges from MLS data are based on integrated use of its elevation, intensity 186 and pulse width attributes which were utilized to distinguish the road from grass-soil surface [4, 38, 39] .
187
Apart from these, several other methods have been proposed for extracting road markings [40, 41] , 188 road poles and towers [42, 43] , road surface roughness [44] [45] [46] and surrounding tree objects [7, 47] 
3D Geospatial Database

209
Empirical experience with both ALS and MLS geospatial data has shown that the primary 210 obstacles in the processing of these datasets is their considerable size and the inability to easily constrain 211 them based on point attributes. Leading on from this is the preparation and extraction difficulties, 212 when using these data for bespoke requirements. For example, in the case of extracting a road median, 213 the process would be significantly constrained by the survey-processing methodology that prevails in 214 industry standard software suites. These suites provide no context for spatial optimisation of the data 215 loaded from many different surveys. Thus, data segmentation for road median detection cannot be 216 easily implemented through an optimal and empirically informed spatial approach.
217
However, approaching this problem with a point-cloud fusion and spatial-constraint perspective,
218
it is possible to optimise the LiDAR data being output to algorithms that specialise in feature extraction 219 process. This can be achieved through procedures that leverage the power of a platform such as 220 PostGIS and its numerous, integrated, spatial API's. The geo-referenced raw LiDAR is stored in a 221 database where optimised spatial indexes can be generated in order to facilitate efficient querying of 222 the data. Consequently, optimally located LiDAR data, across numerous surveys, can be output in a 223 user required spatial context. In that case, the road median algorithm, can be operated on a reduced 224 target data set relative to the original survey but, also, at higher point densities as spatially coincident 225 point clouds can be segmented and fused in the same database operations.
226
Towards this objective, a prototype cloud-application has been developed called GLIMPSE that LiDAR data uploaded into the system. The importance of this step is that it gives a spatial context,
232
where optimally located LiDAR data can be segmented and fused for output to a feature extraction In Section 3.1, we detail how spatial hierarchies are built and defined in the GLIMPSE system, 237 while in Section 3.2, we describe the optimal approach to data segmentation, fusion and retrieval.
238
Through these sections, the cloud-application based User Interface (UI) in the GLIMPSE system is also 239 detailed that enables interaction, understanding and visualisation of the platforms objectives. polygon creation tools to intersect a planar view of the available data in this area, which is presented 249 in Section 3.2. This is also true for automated process that can be scripted into the GLIMPSE platform.
250
The spatial hierarchy procedure has been implemented as a bespoke implementation of the 
260
The first stage in our process is to snap all the LiDAR data to a spatial grid. A sub-step in the 261 first stage involves the application of a sub-sampling threshold to the LiDAR. This sub-sampling is 262 applied differently depending on the LiDAR data source; in the case of MLS data, areas with high point 263 densities, close to the survey vehicle, are sub-sampled with a higher threshold than areas with lower 264 point densities. The second stage is to generate concave hulls for all the sub-sampled and gridded data.
265
Finally, a spatial union is performed on all the concave hulls for the LiDAR data being processed.
266
This final stage can take the form of a number of different spatial unions such that the highest 267 accuracy concave hull is a direct 2D spatial representation of a single table of raw LiDAR. This idea 268 follows through to unions that define all the data in different spatial configurations; local, regional, 269 national, etc. The spatial union can also be applied in a number of other ways such as modelling the 270 data using the survey based approach that exists in typical commercial software suites. 
GLIMPSE Spatial Segmentation & Fusion
272
Having approached each stage of this framework pipeline with a spatial constraint perspective to 273 the fore, it is possible at this stage to optimize the LiDAR data being output. This can be achieved, 274 once again, through procedures that leverage the power of the PostGIS platform through its numerous, 275 integrated, spatial functionalities. Due to the spatial-indexing and spatial-hierarchies that have been generated for the LiDAR, it is relatively easy to highlight use cases which generate bespoke LiDAR 277 subsets from our 29 billion points stored in a 4.2 TB database.
278
These use-cases could be in any relevant form where the process being initiated needs access to 279 LiDAR. Consequently, this could be an automated processing algorithm, such as the road median 280 extraction algorithm, where subsets of LiDAR can be spatially optimized and fused such that the 281 algorithm handles only relevant LiDAR in the system. In Figure 3 , we can see a sample of the GLIMPSE 282 UI which highlights how this can happen. Alternatively, this example use-case could just as easily be a
283
LiDAR awareness approach where LiDAR can be quickly and easily segmented for a user to view the 284 outputs such that they are suitable for a given process or requirement.
285
In this example both point or polygon spatial-constraint geometries can be created by a user; 286 polygons have been created in this case as can be seen in Figure 4 . This operation provides and not a dependent process on the table's primary key. Thus, in the previous example we could 299 further constrain the returned point cloud data by requesting only points whose intensity values fall 300 within a certain range, which allows us to continue to leverage the power of the database. Using the 301 optimizations that are inherent to the PostgreSQL database, a standard spatial query will optimize 302 its search based on the spatial index and the primary key of the table. For queries that extend such 303 a search, based on other attributes, the primary key element is easily replaced with the index of the 304 chosen constraint. In the main, runtimes on these attribute constrained queries will be comparable in 305 the single constraint case, although as the number of attribute constraints increases runtimes would 306 logically extend. In the next section, we describe our point cloud retrieval and road median extraction 307 algorithms.
Algorithm
309
We developed algorithms to efficiently retrieve ALS data from the GLIMPSE system based on user 310 specified spatial extent and then to automatically extract road median from the retrieved data. The use 311 of GLIMPSE system facilitates the segmentation and fast retrieval of point cloud data for a particular 312 geographical area. In the first part, we describe a method to efficiently retrieve ALS data from the 313 GLIMPSE system based on user specifications while in the second part, an algorithm to automatically 314 extract road median from the retrieved ALS data is presented. We use road vector polylines in our 315 algorithm as a secondary data source, which were obtained from the National Roads Authority (NRA) 316 in Ireland. These road polylines were imported in the GLIMPSE system, while representing centre, 
Point Cloud Retrieval
320
Our point cloud retrieval algorithm is developed based on the assumption that a polygon spatial 321 tool in the GLIMPSE system can be utilised to segment the ALS data, as shown in Figure 6 . The The user explores the road polylines incorporated in the Google maps UI of GLIMPSE system 329 and can click any point near the preferred road section for which the ALS data is required. In
Step 330 1 of our algorithm, the road polyline point nearest to the user clicked location is selected using a 331 kd-tree approach. The k-d tree is a data structure which is used to organise the points in a space with is used to further select the consecutive polyline points based on total length specified by the user. 
Road Median Extraction
350
The ALS data files accessed using the point cloud retrieval algorithm are further used to extract 
Frequency Distribution Analysis
367
The road sections consist of highways crossing above them at some locations, which are required 368 to be removed in order to get a correct estimation of the road median. In Step 2 of our algorithm, these 369 crossing highways are removed based on frequency distribution of the elevation values obtained from 370 the road surface LiDAR points. We assume that along the road section, a large number of LiDAR points 371 will belong to its surface, while in comparison less points will correspond to any highway crossing 372 above it. Based on this assumption, frequency distribution of elevation values is estimated and then 373 elevation value with maximum frequency is identified as h r , which belongs to the road surface. The 374 points with elevation values more than h r + or less than h r − are removed, while in between points are retained for further processing. The value of parameter is estimated empirically and fixed for 376 all the road sections in such a way that it could be useful in removing the crossing highways. In this 377 way, crossing highways above the road sections are removed by detecting the road surface points with 378 maximum elevation frequency. An example of removing crossing highway above the road section is 379 shown in Figure 10 . 
Threshold Analysis
381
In Step 3 of our algorithm, we apply threshold to elevation and intensity attributes in order to 
413
In the second process, we group cells into objects in the dilated image using connectivity. If a cell 414 has a value of 1 then it is connected to the cells whose values are 1 and are directly above, below, left or 415 right of that cell. We calculate the length and average width values of each object in the dilated image.
416
Objects whose length and average width values are less than length threshold, T L and width threshold,
417
T W are considered as other road surface elements and are removed from the image, as shown in Figure   418 12(b). These length and width threshold values are estimated based on knowledge about standard 419 dimensions of the road median. In the third process, we apply an erosion operation to the dilated 420 image in order to retain the original boundary shape of the road median. In an erosion operation, cells 421 are removed from the road median cells using a structuring element. The linear shaped structuring 422 element used for dilation is also applied to erode the road median cells, as shown in Figure 12 (c). In 423 this way, the combined use of morphological operations and knowledge about the dimensions of the 424 road median is able to complete its shape and remove other road surface elements. 
3D Road Median Points
426
In final
Step 6 of our algorithm, we extract the 3D road median points from the 2D output. The 427 original 3D LiDAR points which are contained within the 2D road median cell boundaries are extracted.
428
In the next section, we present the test results of our algorithm on the road sections.
Experimentation
430
The dataset acquired using an ALS system along dual carriageway roads in Ireland was uploaded 431 into the GLIMPSE system. In the first part, we applied our point cloud retrieval algorithm to efficiently 432 access ALS data from the GLIMPSE system based on our specific requirements. We, as a user, explored 433 the road polylines imported in the GLIMPSE system and clicked the points near two preferred road 434 sections of dual carriageway. In each section, other input parameters were provided as l c = 50m, 435 w c = 50m and l t = 1000m. The first 1km section consisted of road median with narrow concrete 436 barrier, as shown in Figure 13 (a), while the second 1km section contained road median with wide 437 grass-hedge concrete barrier, as shown in Figure 13 (b). 
438
The selected road polyline points and input parameters were used to estimate the central position
439
and heading information of each cross-section length along the two road sections. Finally, the derived 440 information facilitated the downloading of ALS data files from GLIMPSE in accordance with the 441 specified parameters. In each 1km road section, n = 20 number of data files were accessed with each 442 corresponding to 50m cross-section length.
443
In the second part, the accessed data files were batch processed to extract the road median 444 along the tested road sections using empirically estimated parameters. The value of was selected 445 as 4m, which was found to be useful in removing the highways crossing above the road sections.
446
The threshold parameters, T elev and T int were applied as 200 and 100 respectively, to get an initial 
Results & Discussion
456
Our algorithms were able to successfully extract the road median in the tested road sections based 457 on a specified spatial extent. We, as a user, specified input parameters in the point cloud retrieval 458 algorithm to efficiently access the ALS data for a particular geographical area from a large volume of 459 data stored in the GLIMPSE system. The retrieved datasets were further processed to automatically 460 extract the road median along the tested road sections. We validated the extracted road median in 461 the first and second road sections using a manually digitised road median. Our validation approach 462 is based on an estimating orthogonal proximity of extracted road median points along left and right road sections, the accuracy values of road median points along the right edge were higher within 492 ±0.2m, ±0.5m, ±1m and ±2m tolerances than along the left edge. incidence angle of the laser pulse, the distance from the laser scanner and the illuminated surface.
501
The normalisation of intensity attribute with respect to these factors will provide true reflectance 502 values from the targeted objects. The use of such normalised intensity values in our algorithm will 503 improve the quality of extracted road median. The tested road sections were also associated with 504 highways crossing above them at some locations, which were efficiently removed based on frequency 505 distribution analysis of elevation values. This analysis was done based on an assumption that large 506 number of points will belong to the road surface in comparison with crossing highways. However, in 507 case of wider highway, the large number of LiDAR points will belong to it and this will lead to the 508 removal of road section beneath it. In the morphological operations, we applied different values of 509 width threshold due to different width of the median in the tested road sections.
510
We analysed the computational performance of our two algorithms by estimating the total time 511 taken to retrieve the data from the GLIMPSE system and then to finally extract the road median.
512
In the first and second road sections with each 1km length and 50m cross-section length, it took 513 approximately 37 minutes and 119 minutes respectively to retrieve and process the dataset. This 514 analysis was performed on a computer with Intel Core i5-6600 processor @3.30GHz, 8GB RAM and a 515 64-bit operating system. The second road section consisted of wider road median due to which it took 516 more time to process the dataset in comparison with the first road section.
517
Conclusion
518
In this paper, we presented the GLIMPSE system that provides a comprehensive framework 519 for storage, integration and scalability of large volume of LiDAR data. It facilitates a hierarchical representation of large scale data in a geographical meaningful way, that enables the user to spatially 521 segment the data based on its requirement. The use of such a system provides a framework for the fast 522 retrieval of point cloud data based on an optimal spatial extent which, in turn, improves the efficiency 523 of automated algorithms in terms of computational cost and reduced processing. We developed the 524 methods to efficiently retrieve point clouds from the GLIMPSE system and to automatically extract the 525 road median from the retrieved data. In our point cloud retrieval algorithm, the road vector polylines 526 are used as secondary data source to estimate the parameters required for spatial segmentation of ALS 527 point cloud in the GLIMPSE based on user input information. In case of MLS dataset, the navigation 528 points can also be utilised as secondary data source, which are usually procured during the data 529 acquisition process. The GLIMPSE system provides a single platform for storage, integration, retrieval 530 and processing of large volume of LiDAR point cloud in a computationally efficient manner.
531
Our road median extraction algorithm was developed based on the assumption that LiDAR 
543
In future work, the road median algorithm will be tested on road sections with more distinct 544 medians. The elevation and intensity threshold values applied to get an initial estimate of the road 545 median, were estimated empirically. However, a more robust and automated approach will need to be 546 developed in order to get the threshold values. We will also focus on the normalisation of the intensity 547 attribute, which will improve the quality of road median extraction. The size of input data sections 548 and cell size of raster surfaces impact the efficiency of our algorithm in terms of computational cost.
549
These parameters are required to be efficiently analysed to find their optimal values. Future work 550 will also focus on the integration of LiDAR and imagery data acquired from multiple platforms in the 551 GLIMPSE system, which will then be utilised to develop other road feature extraction algorithms. 
